Metabolic coupling of product synthesis and microbial growth is a prominent approach for maximizing 9 production performance. Growth-coupling (GC) also helps stabilizing target production and allows the 10 selection of superior production strains by adaptive laboratory evolution. We have developed the 11 computational tool gcOpt, which identifies knockout strategies leading to the best possible GC by 12 maximizing the minimally guaranteed product yield. gcOpt implicitly favors solutions resulting in strict 13 coupling of product synthesis to growth and metabolic activity while avoiding solutions inferring weak, 14 conditional coupling.
Introduction 29
Metabolic engineering approaches strive to optimize microbial cell-factories for robust, profitable, and 30 sustainable industrial applications (Nakamura & Whited, 2003) . One applied principle within this field 31 of research is to metabolically couple the synthesis of the product of interest to microbial growth by 32 appropriate genetic modifications (Fong et al, 2005; Jantama et al, 2008; Trinh et al, 2008; Jiang et al, 33 2013; Layton & Trinh, 2014) . The main motivation in generating growth-coupled production is to shift 34 the tug of war for the substrate carbon towards the synthesis of the desired chemical (Kashket & Zhi-35 Yi Cao, 1995; Van Dien, 2013; Jouhten et al, 2017) . Consequently, growth-coupling (GC) efficiently 36 facilitates the use of well-established adaptive laboratory evolution methods for production strain 37 optimization purposes by employing growth as a simple selection criterion (Portnoy et al, 2011; 38 Sandberg et al, 2017) .
39
Three distinct GC phenotypes differing in GC strength can be distinguished, which become apparent 40 from computing and plotting so-called metabolic yield spaces (Feist et al, 2010) . These yield spaces 41 are projections of the accessible flux space onto the 2D plane spanned by the growth rate and the 42 yield of the target product on the main carbon substrate (Fig. 1) . The lower limit of a yield space 43 depicts the minimally guaranteed product yield for the accessible range of growth rates. Hence, a 44 lower bound greater than zero for a particular growth state directly implies GC. In the following, yield 45 spaces, in which a product yield greater zero only occurs at elevated growth rates, will be denoted as 46 a weak GC (wGC) characteristic (Fig. 1 A) . For Saccharomyces cerevisiae and Escherichia coli, for example, such a wGC is naturally observed for fermentation products, e.g., ethanol or acetate, under 48 anaerobic conditions or during overflow metabolism. By this means, holistic GC (hGC) is encountered 49 if the lower yield bound is above zero for all growth rates greater than zero ( Fig. 1 B) while strong GC 50 (sGC) is referred to yield spaces showing a mandatorily active target compound production for all 51 metabolic states including zero growth (Fig. 1 C) .
52
Various computational algorithms exploiting the rich information content of stoichiometric metabolic 53 models have been developed to specifically provide reaction deletion strategies leading to GC. These 54 approaches are generally grouped into Flux Balance Analysis (FBA) and Elementary Modes Analysis
55
(EMA) based methods. Classical FBA focuses on a particular metabolic phenotype by optimizing a 56 biological meaningful objective function subject to steady-state mass balance constraints (Savinell & 57 Palsson, 1992) . Thus, GC strain designs identified by FBA-based frameworks such as OptKnock 58 the generation of growth-coupled product synthesis. They introduced the concept of anchor reactions, 89 which split the substrate carbon among one or more biomass precursors and the target compound.
90
Existence of an anchor reaction that is or can be made essential for the synthesis of a biomass 91 precursor thus implies feasibility of growth-product coupling. This has similarly been expressed by
92
Klamt and Mahadevan (2015) in the requirement for at least one elementary mode allowing for both 93 growth and product synthesis. In contrast, it was claimed elsewhere that GC results from an induced 94 imbalance of reduction or energy equivalents, which can only be overcome by active product synthesis 95 (Erdrich et al, 2014; Shabestary & Hudson, 2016; Jiang et al, 2013) . Erdrich et al. (2014) pointed out, 96 that this imbalance is particularly pronounced under anaerobic conditions where oxygen as final 97 electron acceptor is missing and ATP generation is naturally limited mainly to fermentation pathways 98 and glycolysis.
99
In view of these disparate explanations for GC, we aimed at further unraveling key principles of 100 reaction deletion strategies leading to GC by identifying relevant genetic intervention strategies for a 101 set of metabolites and investigating the specific operating principle of these strategies. We developed 102 the FBA-based algorithm gcOpt, which determines the best possible GC knockout strategy for a given 103 target compound, a specific substrate and a defined maximum number of reaction deletions. gcOpt 104 was applied to calculate GC intervention strategies for a broad range of metabolites of a core as well 105 as a genome-scale metabolic model of E. coli. The resulting strategies were subsequently examined 106 regarding the consequence of imposed growth-coupled product synthesis on metabolic network 107 operation.
109

Results
110
gcOpt prioritizes strain designs resulting in strong growth coupling 111
The pursued approach to identify GC strain designs with maximal possible GC strength was derived 112 from the yield space representation of GC mutants (cf . Fig 1) . While the GC classification into wGC, 113 hGC, and sGC provides a qualitative notion of the GC strength, the position of the lower yield 114 boundary can be interpreted as a quantitative measure: the higher the boundary in terms of positive 115 yield values, the stronger the GC. The shape of this yield space boundary along the growth rate axis is 116 not arbitrary. It is rather a part of the hull giving the admissible flux space and, since the flux space is 117 growth rates is raised, resulting in an overall increase of the GC strength. This principle was of a target compound at a fixed, medium growth rate using appropriate reaction deletions (Fig 2) .
Ultimately, gcOpt provides strain designs with the best possible GC for a given metabolic network and 124 the defined maximum number of modifications (see the Methods section for a detailed description and 125 formulation of gcOpt).
126
Identification of strain designs leading to GC of ethanol production in E. coli under anaerobic
127
conditions was used to demonstrate the functionality of gcOpt. This classic example has already been 128 investigated by applying diverse computational methods (Trinh et al, 2008 , Hädicke & Klamt, 2011 (Fig. 3 A) . The maximum growth rates did not exceed values of 0.05 ℎ −1 while an ethanol 138 yield of 1.7 −1 was strictly guaranteed implicating a tight metabolic coupling of growth and 139 ethanol production. The quintuple mutant design computed for = 0.25 ℎ −1 (Fig. 3 C) was 140 interesting in that it enforced a high ethanol yield at a relatively high maximal growth rate of 0.31 ℎ −1 .
141
The minimally guaranteed yield was 0.85 −1 , thus pointing to an excellent combination of GC
142
and viability of this mutant. The predicted intervention strategies at a = 0.1 ℎ −1 (Fig. 3 B) were a good compromise between this and the extremely trimmed strain designs at a = 0.01 ℎ −1 with guaranteed yields of approx. (Klamt & Mahadevan, 2015) . Such a phenomenon, however, was not seen for 154 any gcOpt strain design and thus might be avoided by this algorithm.
155
Consequently, gcOpt offers the advantage to compute the best possible GC strain design for a given 156 microbial host, target compound, environmental condition and specified maximum number of genetic 157 interventions. Moreover, the inherent approach of increasing the minimum product yield enforces the 158 generally preferred sGC and hGC solutions, which guarantee product synthesis with growing or 159 metabolically active organisms. This is a beneficial trait compared to alternative FBA based algorithms 160 such as OptKnock or RobustKnock, which per se do not favor these designs over wGC solutions.
161
Are there metabolic principles leading to growth-coupling? 162
Next, we applied gcOpt to compute a comprehensive dataset of GC designs, which we analyzed in- 
170
Equivalently to simulating the influence of the NGAM demand on finding GC strain designs, NGAM settings, the applied knockout strategy was considered to directly couple target compound production 216 to precursor synthesis and thus to growth in general.
217
Sixteen biomass precursors were derived from the left-hand-side of the biomass formation reaction 218 included in the E. coli core reconstruction. In Fig. 6 , the percentage of accessible precursors for each 219 identified strain design leading to GC is plotted against the GCS, not distinguishing between the 220 number or reaction deletions or metabolites coupled to growth. For all strain designs showing a GCS 221 below -1, thus being of type wGC, 100 % of the biomass precursors were still accessible. This 222 contradicts the principle of a direct coupling between biomass precursor and product synthesis but is 223 actually trivial since for wGC strategies product synthesis is only enforced above a certain threshold 224 growth rate (cf. Fig 1) . Likewise, this principle cannot explain product formation at zero growth for 225 sGC. However, each identified sGC intervention strategy for anaerobic conditions resulted in blockage 226 of all biomass precursors. Under aerobic conditions, this fraction was lower but still considerable. Only 227 among the hGC strategies, a partial precursor blockage was found along with designs that had no 228 effect on precursor availability at all. In none of the identified hGC solutions the synthesis of all 229 biomass precursors was blocked. 
239
The effects of relaxing cofactor balances on growth-coupling strain designs 240
The investigation of biomass precursor availability in the GC mutants indicated that an enforced 241 production of the target compound (sGC) is likely due to a global metabolic necessity rather than 242 caused by a strict dependence of the synthesis of a particular biomass precursor on target compound 243 production. Moreover, ATP scarcity seemed to be a metabolic trigger for GC in those sGC cases in 244 which the synthesis of any biomass precursor was blocked by the intervention strategies. To challenge 245 this hypothesis, the GCS of a GC strain design was investigated upon relaxing the directionality 246 constraint of the ATPM equation (cf. Eq. 1) thereby enabling the model to freely phosphorylate ADP to 247 ATP and vice versa. Since the ATP metabolism is interconnected with the redox cofactor and cross-248 membrane proton balance, e.g., via the electron transport chain and ATP synthase, a free 249 NAD(P)H/NAD(P) + generation and proton transport over the cell membrane were additionally tested 250 for their effects on the GCS. To simulate this, the NADH and NADPH NGAM reactions (Eq. 2-3) were 251 reintroduced and a new proton translocation reaction was added:
253
Here, the indices ex and in locate the H + protons to the extracellular and intracellular compartment, the ATP balance, the NAD(P)H/NAD(P) + conversion, the proton exchange or a combination of these 259 strategies (Fig. 7) . These two resistant strategies coupled formate to growth by forcing the carbon flux 260 through the anchor reaction catalyzed by the pyruvate formate lyase, which splits pyruvate to formate 261 and acetyl-CoA. However, the GCS of these strategies decreased when relaxing the constraints on 262 cofactor generation and proton export.
263
Disclosure of the basic coupling principles was impeded by the interrelatedness of redox cofactor, ATP
264
and H + balancing (Fig. 9 ). For example, GC of lactate synthesis was abolished in most designs by 
283
For aerobic conditions, relaxation of single or combinations of the tested constraints relieved GC for all 284 wGC and most hGC strategies, as well. Again, formate was the only metabolite that was hard-coupled 285 to growth by forcing flux through the pyruvate formate lyase anchor reaction. However, under aerobic 286 conditions, this strategy is not of any relevance due to the pyruvate formate lyase's sensitivity to accessible without enforced product synthesis (Fig. 8) 
330
Under anaerobic and aerobic conditions, for most sGC strategies the target compound's rank in the 331 hierarchy of metabolites increased compared with wild type conditions (Fig. 10) . This was reversed for 332 the wGC and hGC designs, in which the majority of target products faced a reduction of the energy 333 hierarchy rank. For aerobic conditions (Fig. 9 B) , the upward shift of the target compounds in the 334 energy hierarchy was considerably more pronounced than under anaerobic conditions and for 30 % of 335 the sGC strain designs the target compound was even ranked second or first, thus, in case of the 336 latter, surpassing CO 2 as the most beneficial production pathway for generating an excess supply of 337 ATP.
338
Discussion 339
Two major GC principles have been described in the literature, in which target production is enforced 340 by either coupling it to the synthesis of biomass precursors or the balancing of energy and redox 341 cofactors. Besides, the observation that yield and specific productivity is increased upon inducing an 342 ATP futile cycle was discussed as another principle (Hädicke et al, 2015; Ebert et al, 2011) . However, 343 this latter interrelationship cannot be transferred to GC according to the findings shown in this work. 
362
In summary, the here presented, rigorous calculations of GC strategies using gcOpt confirmed Yet, GC of energy-rich as well as oxidized metabolites and the ability to reach high coupling strengths 366 was found to be limited to aerobic conditions.
367
The apparent, global feasibility of GC pronounces the applicability of this concept for any microbial 368 strain engineering project aiming to increase productivity and yield. The intuitive approach is to enforce 369 an obligatory dependence of the synthesis of one or more essential biomass precursors on target 370 compound production. However, such a GC criterion can only explain or lead to hGC characteristics,
371
in which product synthesis is strictly bound to biomass formation. In fact, we found that the majority of 372 hGC strategies blocked the synthesis of one or more biomass precursors at zero product formation.
The concept can be broadened to the following principle and was indeed evident for 50% of all aerobic 374 hGC and sGC strategies. 
384
This can be intuitively inferred from the observation that the ATP synthase is a frequent knockout 385 target in aerobic GC strategies and more quantitatively be described with the rise of the target 386 metabolite in the energy hierarchy. This is supported by the observation of Jensen & Michelsen (1992) 387 that an ATP synthase deficient E. coli strain shifts the flux distribution towards substrate-level 388 phosphorylation pathways, i.e. glycolysis and TCA cycle, and the secretion of correlated metabolites.
389
We conclude that ATP synthase deletion forms a basis for GC under aerobic conditions whereas 390 additional knockouts enforce specificity of product secretion as can be derived from the steadily 391 increasing mean GCS with increasing genetic interventions. Exceptions from this pattern are 392 fermentation products or products exported via proton symporters, for which GC is induced by 393 disrupting alternative NADH re-oxidizing or proton translocating pathways.
394
Concludingly, metabolic network reconfigurations that render product secretion into a carbon drain 395 necessary for metabolic activity might be the more robust GC approach as it is independent of cofactor 396 and proton balancing that might vary under different growth conditions. However, such a coupling 397 might not be possible for all metabolites. Our analysis revealed that coupling product formation to 398 cofactor supply or turnover not only enhances the GCS of the former strategies but also seems to be 399 globally applicable to any metabolite. Such metabolic designs that are based on such cofactor 400 balancing are hard to derive manually due to the complex interconnectedness of energy and redox 401 cofactors within metabolic networks. Accordingly, we argue that computer-aided network analysis can 402 accelerate the development of strain designs strictly coupling production to microbial growth by 403 predicting effective GC strategies with a reasonable number of gene deletions. 
where ̅ is a boolean vector indicating for each reaction ∈ within the reversible metabolic model if 
447
The gcOpt framework was implemented in Matlab (R2016b, The Mathworks, Newark) and is freely 448 available on GitHub (Alter, 2018). For solving the single-level MILP derived from problem (1), the Gurobi Optimizer (7.0.2, Gurobi Optimization, Inc.) was utilized. All computations in this work were 450 conducted on a Windows 7 machine with a maximum configuration of 16 GB of RAM and a AMD FX-
451
8350 Eight-Core (à 4.00 GHz) processor.
452
Quantification of the growth-coupling strength 453
To quantify and compare the GC level or strength of microbial strain designs, GCS, a novel measure in Fig. 4 , the ratio between the area below the lower yield bound and the total area under the 456 upper yield hull curve in the yield space of a strain design determines the GCS. This expresses the 457 principle that the zero-or low-yield flux modes are made inaccessible the stronger the coupling 458 between growth and product synthesis. In addition, the minimally guaranteed target product yield at 459 maximal growth divided by the theoretical maximal yield is considered as a factor in the 460 formula for the GCS (Eq. 6.1 -6.3). For strain designs with similar GC levels according to an 461 evaluation of the yield space areas, this factor promotes those that guarantee high yields at elevated 462 growth rates. To be able to directly distinguish the GC types sGC, hGC and wGC, the intersection of 463 the lower yield bound and the growth axis was further integrated. Following this, the GCS is finally 464 calculated as follows:
Here, =0 and =0 are the minimal target product yield at zero growth and the maximal growth rate 467 at zero yield, respectively. GCS increases with increasing GCS values and the three GC types are 468 defined by distinct GCS ranges. To allow for an immediate distinction of the GC types, GCS of hGC 469 and wGC strategies are normed by considering one and two as an additional subtrahend in Eq. 6.2 470 and 6.3, respectively. Thus, a GCS between -2 and -1 denotes wGC, the interval [−1, 0] indicates 471 hGC and GCS > 0 implies sGC. Hence, the GCS parameter enables both a qualitative classification 472 and a quantitative ranking of GC strain designs. In the data evaluation process, strategies with GCS ≤ 473 -1.975 and between -0.975 and -1 were considered to confer no coupling.
474
Probing the biomass precursor availability 475
To evaluate the capability of a metabolic network to synthesize a particular biomass precursor the 
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TBA and BEE conceived and designed the study and evaluated the simulation results. TBA developed the gcOpt algorithm and performed all simulations. TBA and BEE wrote the manuscript. LMB supervised the study and edited the manuscript. All authors read and approved the final paper. A Projection of the accessible flux space onto the 2D plane spanned by the growth rate and the yield of a target product on the main carbon substrate after applying respective reaction deletions (blue area). The grey area represents the yield space of the wild-type strain which is inaccessible for the mutant strain. The lower yield bound, hence the minimally guaranteed product yield, is marked by the red line. Here, a weak GC (wGC) characteristic is shown since product yield is only guaranteed for elevated growth rates. B Yield space representing holistic GC (hGC). Target compound production is mandatorily active for all growth states but zero growth. C Here, strong GC (sGC) is shown. The lower yield bound is strictly greater zero and thus, for all metabolic states target compound production is enforced. A Exemplary yield space of a wild-type strain showing no GC. The blue area denotes the admissible flux space as a function of the yield and growth rate. The red, horizontal line marks the lower yield bound, whereas the black dashed lines show the lower yield bounds of, possible mutant strains with differing GC characteristics. The red arrow denotes the optimization principle of gcOpt, which is maximization of the minimally guaranteed yield at a medium fixed growth rate. B Yield space of a reaction deletion mutant strain showing the best possible GC. In addition to A, the grey area depicts the flux space that is inadmissible to the mutant strain derived the deletion strategy identified by gcOpt. Scheme of a wild-type yield space showing no GC (black hull curve) and a GC strain design (red hull curve). The blue area TA illustrates the yield space of the wild-type up to the maximal growth rate of the mutant strain. The inaccessible yield space IA below the lower yield bound of the mutant is marked by the red hatched area. A Mean GCS for increasing numbers of simultaneous reaction deletions of all GC strain designs identified by gcOpt for all metabolites of the E. coli iAF1260 core model under anaerobic conditions. The different lines embrace independent simulations applying a particular cofactor demand as illustrated by the legend. For the standard condition (black line) a NGAM ATP requirement of 8.39 −1 ℎ −1 and no NADH, NAD, NADPH or NADP demand reaction was considered. B Cf. A, but for aerobic conditions. The vertical dashed lines separate the GCS range into three regions denoting wGC, hGC and sGC. B Cf. A, but for computing the biomass precursor availabilities a reversible, unbounded ATPM reaction was used allowing free generation and consumption of ATP.
C Cf. A, but using the GC strains determined for aerobic conditions. D Cf. B, but using the GC strains determined for aerobic conditions. 
